Introduction
Responding to the ongoing demographic change appropriately is a serious policy challenge. Besides adjusting the pension insurance, managing the demand for long-term care in particular is an important issue in aging societies. In Germany, for example, there have been about 2.5 million people in need of care in 2011 (Statistisches Bundesamt, 2011) and this number is estimated to grow steadily, reaching at least 3 million care recipients according to an optimistic-case scenario in 2030 (Statistisches Bundesamt, 2010) . Traditionally, provision of long-term care in Germany has been predominantly the task of the family (Schulz, 2010) . Even the introduction of the German social long-term care insurance system in 1995 stressed the family as the main provider of care, as it is thought to provide care cheaper 1 , more agreeable and more efficiently. This inherent principle is also mirrored in numbers: 1.76 million care recipients (70% of all) are cared at home by professional caregivers and/or relatives. More than 1 million are exclusively cared by family members rendering informal care the most important part of the German long-term care system.
However, provision of informal care is both mentally and physically challenging. We, therefore, analyze the question whether there are some hidden costs -or costs, not discussed so far in the public debate -that make informal care provision not as economic as often thought. This could be the case if informal care provision goes along with health impairments of the caregivers. Other costs (not considered here) are forgone income for those who leave the labor force to provide care.
The economic literature on health effects of caregiving is fairly scarce. 2 In particular, to the best of our knowledge, there are only two studies on the effect of care provision on health in a narrow sense. Coe and van Houtven (2009) estimate health effects of informal caregiving in the US using seven waves of the Health and Retirement Survey (HRS). They use sibling characteristics and the death of the mother as instrumental variables that control for selection into and out of caregiving in order to identify causal effects. They find that continued caregiving leads to a significant increase in depressive symptoms for both sexes while physical health does not seem to be affected. Do et al. (2013) use data from South Korea where informal care is quite common among females caring 1 For instance, in 2012, the German social long-term care insurance pays 700e per month for care recipients of the highest care level who are cared by family members and 1,550e per month to the same recipient cared by professional caregivers. 2 In the medical literature, there is a large amount of studies on the relationship of health and care provision. They mainly stem from the US (see e.g. Schulz et al. (1995) , Stephen et al. (2001) , Gallicchio et al. (2002) , Tennstedt et al. (1992) , Beach et al. (2000) , Ho et al. (2009) , Shaw et al. (1999) , Lee et al. (2003) , Dunkin and Anderson-Hanley (1998) , or Colvez et al. (2002) ). In general these studies use non-representative samples and widely neglect endogeneity problems. Furthermore, they often concentrate on more specific definitions of care, such as caring for people with dementia, etc.
for their parents-in-law. The data facilitates identifying a health effect for daughters-inlaw where selection of health into care is alleviated by instrumenting the informal care decision with parents-in-law's health endowment. Their findings suggest that there is an increased probability of worse physical health by providing informal care.
Two further papers evaluate the relationship of care provision and drug utilization (which, however, can also be seen as a health measure). Van Houtven et al. (2005) assess the impact of caring on the intake of drugs using a rich database on caregivers for US veterans. One finding is that the intensive care margin is an important factor determining drug intake. Stroka and Schmitz (2013) exploit data of a large German sickness fund that enables to consider prescriptions of anti-depressants and drugs to restore physical health. Although their data exhibit detailed measures for care and health together with a large amount of observations, this comes at the cost of not observing a large set of socioeconomic characteristics including good candidates for instruments. Thus, they need to rely on fixed effects methods. Their results also support van Houtven et al. (2005) , providing some evidence that caregiving increases the intake of anti-depressants in particular if coupled with having a job.
Other studies look at broader welfare consequences of caring and use life satisfaction as a proxy. Bobinac et al. (2010) assert that the caregiver and the family effect (the effect due to seeing a family member decline) are closely connected. They suggest using the health of the care recipient to isolate the family effect and the care intensity of the caregiver to disentangle the caregiving effect. Using a Dutch cross-sectional sample of caregivers, they find that the caregiving effect persists even after having controlled for the family effect. Van den Berg and Ferrer-i Carbonell (2007) regress life satisfaction on monthly hours of care provided by an informal caregiver and household income. This set up facilitates estimating the effect of health in order to value this effect monetarily. In contrast to the studies above, Leigh (2010) does not find significant effects of care provision on life satisfaction when fixed-effects are employed. One issue with these latter three studies is that they do not address reverse causality and selection problems based on time-varying unobserved heterogeneity.
We use representative household data from the German Socio-economic panel to estimate the effects of informal care provision on female caregivers' health. The outcome variables are mental and physical summary scale measures (called MCS and PCS) for the years 2002 to 2010 that capture the multidimensional aspect of health. Our contributions to the literature on health and informal care are twofold: First, we use a different approach to address selection into and out of care provision. Previous studies that deal with these problems all use instrumental variables approaches. However, good (i.e. valid and strong) instruments are not always available and most employed instruments are far from being undisputed among researchers. Since their validity cannot be tested they need to be justified on a theoretical basis. Our approach is to fully exploit the time dimension and richness of panel data in order to justify the conditional independence assumption (CIA) that allows for a causal interpretation of the results. Moreover, we use a regression adjusted matching approach. Although we argue below that given our data at hand we can justify the CIA, we allow in a sensitivity analysis that follows Ichino et al. (2008) for certain deviations from this assumption.
Second, to the best of our knowledge, this is the first study that does not only look at contemporary, or short-term effects of informal care provision on health, but also on mediumterm effects of up to seven years after care provision. This adds on work by Coe and van Houtven (2009) who also aim at showing persistence of health effects but need to stick to a two year period. Medium-term consequences could be more severe than instantaneous short-term health impacts restricted to the period of providing care.
Our results suggest that there are considerable short-term effects of informal care provision on mental health which, however, fade out over time. Five years after care provision there are no significant effects left. Both short-and medium term effects on physical health are much smaller and insignificant throughout. The sensitivity analysis suggests that sensible deviations from the CIA do not change these results.
The paper is organized as follows. Section 2 discusses the empirical approach, Section 3 presents the data. The results are reported in Section 4 while Section 5 assesses the sensitivity of the results with respect to certain deviations from the CIA. Section 6 concludes.
Empirical Strategy
Basic set-up We aim at estimating the effect of informal care provision on health in later years. Because it is not possible to set up an experiment where care is randomly assigned to individuals who are at the margin of indifference between caring and not caring, this paper applies methods that replicate this ideal to retain causal estimates. Certainly, the decision to provide care is not random per se. Given that someone close becomes care dependent, some individuals choose to provide care while others do not. The willingness to provide care depends on factors such as the financial and temporal affordability, the quality of the extra and intra familial social environment, own health endowment as well as innate tendencies such as personality traits.
To deal with this problem we apply the model of Rubin (1974) . Following his notation we observe Y = T · Y 1 + (1 − T) · Y 0 , where T indicates whether an individual is assigned to treatment (care provision) or control group, Y is the outcome (health), and the index {0, 1} indicates the potential health outcome if being a caregiver or not. If we simply compare the realized outcomes, i.e. E(Y 1 |T = 1) − E(Y 0 |T = 0), selection bias will most likely arise due to the non-randomness of care provision. However, the average treatment effect on the treated (ATT) can be identified if all the determinants that simultaneously influence the health outcome and the selection into treatment are observed. Then, the Conditional Independence Assumption (CIA) holds and assignment to treatment is random (conditional on controls):
is the causal ceteris paribus impact of informal care on health that can be estimated either with ordinary linear regression models or with propensity score methods, where the latter are becoming increasingly popular. The reason for this is that propensity score matching methods make less parametric assumptions and are shown to yield more robust estimates (see Dehejia and Waba, 2002) . We, thus, use these "more sophisticated methods for adjusting for the difference in covariates" (Imbens and Wooldridge (2009) , p.24) as these models might be more robust to non-linearities in covariates.
We estimate short-and medium-term effects of care provision on health. In doing this, we use the time structure as presented in Figure 1 . Assignment to treatment T occurs in t = 0 or year 2003. 3 We condition on a large set of covariates in t = −1, thus reducing the potential problem that covariates are affected by the treatment status. 4 We, then, compute the the treatment effect four times: 1 year after treatment, 3 years after treatment, 5 years after treatment, and 7 years after treatment. Note that conditioning variables and treatment group assignment are always the same and determined in t = 0 and t = −1. 
Regression Adjusted Matching Approach
In this paper both, matching and regression methods, are applied jointly which is called the regression adjusted matching approach (see, for example, Rubin, 1979) . The advantage is that it yields consistent estimates if either one of each method fails to remove the selection bias. This is called the double robustness property by Bang and Robins (2005) .
The basic estimation strategy is a two-step process, originally proposed by Bang and Robins (2005) and employed for example by Marcus (2012) . As a first step, the probability of being carer conditional on relevant covariates is estimated with a probit model. Subsequently, treatment and control group are matched. We use an Epanechnikov kernel with a bandwidth of 0.03 in the basic specification. To further increase precision, the sample is restricted to the common support of the propensity scores of the treatment and control group. By kernel matching, the trade-off between bias and variance might be transferred to the choice of the bandwidth in the kernel algorithm. The extent to which degree the differences in the covariates are sensitive to this parameter will be addressed in the section on matching quality.
As a second step, the health outcome is regressed on informal care and, again, all control variables where the observations are weighted by the kernel weights estimated by the matching algorithm:β = (X WX) −1 X y. Standard errors are computed according to the suggestion of Marcus (2012) who employs robust standard errors of the regression above since they are slightly more conservative but easier to estimate than bootstrapped standard errors that in addition are not formally justified. 5
Selection issues
The decision to provide informal care is complex, affecting not only one's own utility but also the utility of the care recipient. Hence, the personal assessment of the pros and cons drives the selection into care. This decision can be structurally modeled where the informal care indicator is clearly endogenous. Another alternative is to tackle the problem the other way around by sampling the control group in principle such that treatment is random conditional on controls. Even though we condition on a large set of covariates that are supposed to capture the process of the decision to provide care, there are probably some threats to the CIA assumption. First, there might be health driven selection into treatment. Individuals who are confronted with the question to provide care but are themselves in poor health might not be able to do so. As informal care provision is both physically and mentally challenging, this possible selection holds for both dimensions of health. If this is indeed the case and informal care provision has negative health effects, ignoring this reverse causality problem would lead to an underestimation of the true effects (in absolute values). We follow, e.g. Lechner (2009) and García-Gómez (2011) and match individuals on pre-treatment outcomes (here, health status in t = −1), thus only comparing individuals of the same baseline health status before treatment. This rules out that individuals in the control group are in worse health due to a selection of healthy individuals into care provision. 6 A second issue is unobserved heterogeneity, confounders that both affect treatment and outcome, but are not observable for the researcher. As Lechner (2009) suggests, this problem can be mitigated by stratifying the sample according to care provision in t = −1.
Comparing only individuals with the same care status in t = −1 accounts for a lot of unobserved heterogeneity that affects treatment participation. Hence, the CIA is much more likely to hold within the strata. Moreover, stratifying the sample at least mitigates the problem in the care starter stratum that control variables, though dated back to t = −1, could be determined by care provision in t = 0 through confounders that both affect past control variables and current treatment status. Hence, we generate two samples based on information in t = −1 and estimate the treatment effects independently for each sample as depicted in Table 1 . Both estimated treatment effects and their variances for each stratum are merged as weighted means. 7 Note that treatment is only defined as care provision in t = 0 while we leave future care status unrestricted as shown in Table 2 . This greatly simplifies the analysis. An important advantage of this is that reverse causality (selection out of care provision due to bad health) is no problem in identifying medium-term effects of care provision because future health status -potentially affected by care and leading to selection out of care provision in later years -does not affect the treatment group assignment at all. While this definition of a treatment does not affect the identification of short-term effects, it implies that we actually identify an intention-to-treat (ITT) parameter for the medium-run effects. This is because not all individuals stop caring after t = 0. In a sense, some do not comply and continue caregiving.
All in all, we argue that there is certainly selection into care provision but that the data source presented below is informative enough to control for it in the way that was just described. 6 Note that Heckman et al. (1997) call matching along with controlling on pre-treatment outcome "Difference-in-Difference matching". 
Note: 1 = providing care; 0 = not providing care; X = care status not specified (= either 1 or 0). As explained in more detail in Section 3, the control group consists of individuals who never provided care over the entire observation period. We exclude individuals who did not care in t = 0 but in any of the later periods.
Data
We use data from the German Socio-economic Panel (SOEP) which is a yearly repeated representative longitudinal survey of households and persons living in Germany that started in 1984. The SOEP covers a wide range of questions on the socio-economic status like family status and habits, work, education, and further topics like health and life satisfaction (see Wagner et al., 2007 for details). Currently, some 22.000 individuals from more than 10.000 households are interviewed each year.
We identify caregivers depending on how individuals respond to the following question: "What is a typical day like for you? How many hours do you spend on care and support for persons in need of care on a typical weekday?" which was included into the SOEP questionnaire in 2001. If an individual states caring a positive amount of hours we consider her as a caregiver, i.e. we transform this information into a binary variable. We argue that individuals who burden themselves even with one hour of informal care each weekday to someone close should be considered as serious caregivers. We, however, also try stricter cut-offs of at least three hours. The question does not allow for a link between caregiver and care recipient. Hence, we have no information on the care recipient and we are not able to stratify our analysis with respect to her (e.g., in order to evaluate differences between caring for spouses or parents). This is a common shortcoming in this literature. according to the definition above. We track these individuals over the subsequent years, since we are primarily interested in evaluating a lagged impact on informal caregiver's health. Due to panel attrition, the sample declines somewhat over time. However, we use unbalanced data in order to exploit as much information as possible. In total, attrition amounts to roughly about one third from t = 0 to t = 7. There is no significant different attrition pattern detectable between carers and non-carers which in turn reduces the need to balance the panel.
Caregiving among men is much less common, we observe some 4% of all men in 2003 as caregivers. In case of men, it was very difficult to properly model the treatment participation (the propensity scores yielded only very low values). Therefore, we restrict the analysis to women. Source: SOEP, own calculations. min 1 hour means care provision for at least one hours per day. min 3 hours means care provision for at least three hours per day.
The intensity and the duration of care among this defined treatment group are not equally distributed across all members. The first dimension where caregivers could differ from each other is the daily amount of hours cared per weekday. Table 4 presents the distribution. As a matter of fact, the majority (i.e. 43%) of caregivers states caring one hour per day, whereas only 15 percent in the sample care more than 4 hours per day on average. The other dimension is the duration of care across waves. These are the two parameters we can use to alter the treatment definition later in the section on robustness checks in order to reveal whether the magnitudes of potential effects are sensitive to different treatment definitions. 
Outcome variables
The two outcome measures are a mental and a physical health score that are based on information from the so called SF-12v2 questionnaire in the SOEP which includes twelve questions on mental and physical health. Answers to these questions are collapsed into the Mental Component Summary Scale (MCS) and the Physical Component Summary Scale (PCS) by explorative factor analysis (see, Andersen et al., 2007) . Thus, both variables capture the multidimensional aspect of health. The scales range from 0 to 100, normalized to mean values of 50 and standard deviations of 10 in the 2004 reference sample. Higher values mean a better health status. MCS loads information on perceived melancholy, time pressure, mental balance and emotional problems into one summary scale. 9 This resulting variable is informative about any mental strain the corresponding person is suffering from and thus well-suited for detecting an impact caused by the burden of informal care. MCS is widely used in the previous literature, see, e.g. Reichert and Tauchmann (2011 ), Schmitz (2011 ), or Marcus (2013 . MCS and PCS were first introduced in the SOEP in 2002 and subsequently sampled every other year. This is why we restrict our observation period to the years 2002-2010.
Control variables
Taking on the burden of care could theoretically be modeled as a three-stage process. People provide care if (i) they need to. Given that they need to provide care, they (ii) must be willing to do so. Finally, (iii), they need to be able to provide care.
At the first stage, the hazard that someone close becomes care dependent is a prerequisite of the need to provide informal care. This first stage in general depends on the age and the quantity of (intra-familial) social environment. We model the social environment by using indicators whether parents are alive, their age as well as the number of siblings. The latter can reduce the need to provide care for frail parents as siblings could step in. Variables on this stage are often employed as instruments for care provision in other papers.
At the second stage, given that someone close is in need of care, the willingness to provide care can be modeled as a function of socio-economic characteristics and personality traits. Dehne and Schupp, 2007) . The items of the BFI are: neuroticism, the tendency of experience negative emotions; extraversion, the tendency to be sociable; openness, the tendency of being imaginable and creative; agreeableness, the dimension of interpersonal relations and conscientiousness the dimension of being moral and organized (see Budria and Ferrer-i Carbonell, 2012) . There are three questions for each of these items which are gathered on a 7-item scale. Furthermore, there is positive reciprocity, the tendency of being cooperative and negative reciprocity, the tendency of being retaliatory. For each personality measure, the score is generated by averaging over the outcome of the corresponding questions per individual. Although these questions are only prompted twice in the SOEP and in years after the treatment assignment, 11 they are useful controls because these measures are supposed to be stable over the life cycle. The individual average of each measure is taken over all years as a proxy for time invariant personality. 12
Finally, on the third stage, the own health status determines the ability to provide care. This was discussed in Section 2 as a potential problem of selection into care provision. As mentioned, we control for pre-treatment health measured as MCS and PCS to account for this. Moreover, we control for health satisfaction and life satisfaction.
According to these stages that make people select into care, the control variables are grouped into three categories and listed in Table 6 . Variables that might theoretically belong into the model but were not significant in the propensity score regression are left out. This holds, for instance, for income, the age of the father, or the number of brothers.
Results

Matching Quality
The selection process is modeled implicitly by a probit model where the informal care indicator is regressed on the mentioned observable covariates that affect the propensity to provide care. Table 6 reports descriptive statistics of all these covariates for different subgroups. It clearly reveals that the mean as well as the standard deviation of the covariates are significantly different in the unweighted baseline sample. Column 4 gives the standardized difference between both means. Without matching almost all confounders are different at the 5% significance level between the carer and non-carer sample. Because these variables have been realized in t = −1, they might be causes that drive the selection into care. In particular age, the age of the mother, and marital status exhibit large differences but also personality traits seem to be quite strong predictors of care provision. The kernel matching algorithm equalizes both samples by assigning different weights to each member of the control group. In order to compute these weights we employ an Epanechnikov kernel with a bandwidth of 0.03 and 0.06. Taking a bandwidth of 0.06 means, on the one hand, exploiting information of more individuals but on the other hand these individuals are not as similar in terms of the propensity score as individuals that are confined by a narrower bandwidth. This principle is also mirrored in the standardized difference presented in the last two columns of Table 6 : whereas a bandwidth of 0.06 does not accomplish to equalize all covariates, a bandwidth of half the size balances every single control variable such that no test at the conventional significance level of 5% would indicate any difference.
As regards the propensity score, the regions of common support are roughly [0.04, 0.14] for the stratum of women who did not provide care in t = −1 and [0.23, 0.87] for those who did provide care. The overlap within each stratum is good as we do not lose treatment observations by restricting the sample to the common support. 13 The low probabilities in the first stratum are simply due to the small amount of caregivers. This indicates The standardized difference is calculated according to: Di f f = 100 ·x
where 0.06 and 0.03 refer to the employed Kernel bandwidth.
that there is a large unobserved component determining caregiving. But we argue that this unobserved heterogeneity is not a big concern given the estimation strategy outlined in Section 2. Yet, there is one advantage of this fuzziness: It brings about a sufficiently large amount of observations in the control group having a similar value of the estimated propensity score. This provides a hint that the results are not sensitive to a different choice of the matching methods. Moreover, as a consequence of this, this decent overlap is a further justification why a smaller bandwidth works well.
Estimation Results
The baseline estimation results are reported in Figure 2 for both outcome variables MCS (black points) and PCS (red points). For convenience, we restrict this section to a graphical presentation of the results. Table A1 in the Appendix gives an overview of all results shown in this section. We refer to baseline results as to the effect of the broadest possible treatment definition, i.e. at least one hour of care in t = 0. The dotted lines denote 95% confidence bands for the corresponding treatment effect. For PCS, there is no significant effect throughout the periods with a magnitude close to zero, whereas, regarding MCS, considerable short term effects (in t = 1) of care provision are detectable. If a woman cares at least one hour per day, her mental health score decreases by 2.55 units (or 25.5 percent of a standard deviation, sd) in the first year, all other things equal. Three years after informal care is observed, this effect reduces to 15.8 percent of a sd before becoming negligible five and seven years afterwards. The confidence bands indicate significant results at the 5 percent level one and three years after assignment to treatment.
These results provide some evidence for significant short-term mental health effects and negligible effects for physical health. Concerning the significant mental health effects, they are in line with findings from previous studies (e.g. Coe and van Houtven, 2009 ).
Given the absence of physical health effects in this study, we restrict our analysis to mental health in the following parts. We alter the treatment definitions in order to disentangle potential reasons for the observed picture. First of all, we test to what extent treatment intensity, measured as the amount of daily care provision, affects the results. Figure 3 presents the results for two alternative daily intensities. The left panel compares the baseline definition (in black) with a treatment that defines care as at least three hours per day. In this specification, we drop all individuals who care between one and two hours in t = 0 and compare three and more hours of care with no care (the red line). The results suggest a much stronger short term effect for individuals who provide more care. One year after caring, the impact is 57 per cent of a sd which is fairly large compared to other studies. 14 Subsequently, however, the effect does not remain on this high level. It immediately drops back to insignificant regions with a coefficient value around zero. Most notably, the qualitative result of a considerable short-term effect and absence of a medium-term effect remains unchanged regardless of the care intensity.
Given that the short-term effect of at least three hours of care per day is much higher than the one of at least one hour, it may be asked whether the baseline effect is fully driven by the higher care intensities. To test this, we define the treatment as providing exactly (instead of at least) one hour of care in t = 0. The green line in the right panel of Figure  3 shows the results of this specification. They suggest that also exactly one hour of daily care goes along with mental strain that is comparable in magnitude to the baseline effect in the first period. Three periods after treatment, the effect is even somewhat higher (not significantly different from the baseline effect, however), before fading out in a similar way.
We conclude that one-hour-per-day carers also have to be considered as serious caregivers and stick to the treamtent definition of at least one hour care provision. Besides yielding qualitatively the same results as the definition with higher intensity, the major advantage of this one is the higher number of observations than in the group with higher intensities. One issue in interpreting the results is that the treatment definition only considers care provision in t = 0 and leaves future care status unrestricted. Note again that this definition rules out problems of selection out of care due to bad health in measuring mediumterm effects. However, individuals who care in t = 0 are also likely to care in t = 1 and even subsequent years. Thus, it might not be fully convincing to speak of a medium-term effect if individuals provided care throughout the observation period. 15 Given that some individuals in the treatment group provide care in subsequent periods, we actually identify an intention-to-treat (ITT) parameter of the medium-term effect. The difference between the ITT and the ATT is the mistake we are making by falsely assigning people to treatment (of caring only in t = 0) who continued to care. The left panel of Figure 4 alters the treatment definition and considers only those individuals who cared at least one hour in t = 0 and did not care afterwards. They are compared to the control group of individuals who never cared. Interestingly, the results are almost identical to those in the baseline definition, only being slightly smaller in t = 3 and t = 5. 16 While this treatment definition is not the preferred one due to potential selection problems out of care provision, the results suggests that the ITT and the ATT are probably close to each other. 17 Finally, confining treatment to those having cared in t = 0 and t = 1 and leaving further periods unrestricted increases the effects in magnitude as the red line shows in the right panel of Figure 4 . This shows that more years of care provision have a stronger effect. However, again, these effects vanish after some years. 15 Although, in principle, a medium-term effect could be defined as an effect some years after care provision (as we have in mind) or some years after the start of a care episode. 16 The significance bands are broader throughout since the treatment group consists of less individuals in this case. 17 Note again that this discussion is only relevant for the medium-term effects as, in this application, ATT and ITT always fall together in the short-run. 
Interpretation of the results
The results suggest a significant short-term effect of informal care-provision on health while there is no medium-term effect. In order to interpret this finding, we briefly want to outline potential pathways why informal care provision might affect health. We have four different effects in mind: (i) the obligation effect, (ii) the scarring effect, (iii) the family effect, and (iv) the adaptation effect.
We call the "obligation effect" a negative health effect of contemporaneous care provision. As care provision is a challenging task, it might affect caregiver's health. This effect is intrinsically short-term. During the care provision episode, caregiver's health status might worsen. In the medium-run, after the care episode ceased, former health impairments might persist. That is, former care provision might scar individuals, making the implicit costs of care more significant. The family effect is both in the short an medium-run, implying negative consequences of seeing a close relative decline. Finally, an adaptation effect might come to play for individuals who provide care for a longer time period. Getting used to care provision might reduce the stress and improve mental health after an initial drop.
Basically, the estimated effects are weighted averages of these four effects. In the following, we will discuss which one probably dominates (i.e. which one has the highest weight). The observed short-term effect in t = 1 is necessarily due to the obligation effect and/or the family effect, as both other ones become active in the medium run. As most of the previous literature, we cannot disentangle the family effect from the active caregiving effect. As results of Bobinac et al. (2010) suggest, the overall effect is a mixture of both but a caregiving effect remains after controlling for the family effect.
Given that the effect in t = 7 is negligible, there is obviously no scarring effect. That is, informal care does not leave scars or traumata. Another interpretation is that there might be an adaptation effect driven by those individuals who continued caregiving after t = 0. Both results could be interpreted as good news. While there is a considerable negative short-term effect of contemporaneous caregiving, there is no scarring effect and/or continued caregivers get used to care provision resulting in no medium-term effects.
Robustness Checks
One issue that remains to be clarified is whether panel attrition affects the results. To examine this, Figure 5 plots the results for a balanced sample where each individual is observed consecutively until t = 7 against the unbalanced baseline results. The balanced sample consists of 4.817 individuals compared to 8.388 in the baseline subset. Although there is this fairly large attrition rate, the results are almost identical except lost precision that is indicated by broader significance bands. 
Sensitivity Analysis
Basic idea So far, we argued that our estimation strategy allows us to interpret the results in a causal way since by fully exploiting the panel information in the SOEP the CIA can be justified. However, this inherently not testable assumption might nevertheless fail. In the context of care it might be particularly challenging to properly control for intrinsic willingness to provide care that determines, among others, the mental and physical capability of providing active care. The threat that might come from such a variable is unobserved heterogeneity which would bias our results. Yet, the CIA is not necessarily an "all or nothing" assumption and there might be different degrees of its violation. To examine to what extent the magnitude and the significance of our results depend on the exclusion of such a variable and hence, on the CIA, we follow an approach by Ichino et al. (2008) who refined the suggestions for sensitivity analyses by Rosenbaum and Rubin (1983) and Imbens (2003) and implemented them in a more practical and easy to interpret fashion.
Specifically, we assume that the CIA does not hold
but that the failure is due to an unobserved variable U. Could we condition on it, we had
Hence, all the unobserved heterogeneity that leads to endogeneity problems is captured by U. To keep things as simple as possible, Ichino et al. (2008) follow Rosenbaum and Rubin (1983) who proposed U to be binary. This is appealing, since the distribution of a binary variable is fully determined by its mean. To describe how U affects both treatment and outcome, we define four probabilities p ij , i ∈ {0, 1} ; j ∈ {0, 1} as
Treatment status T and outcome categoryŶ are observed in the data and, hence, individuals can be assigned one out of the four probabilities p ij where i denotes treatment status and j indicates whether the outcome exceeds the sample mean. The four above equations define the distribution of the hypothetical confounding variable U completely. Depending on how these probabilities are set, the degree of correlation between Y and T varies.
Given "reasonable" values for p ij we simulate U by drawing 200 times from Bernoulli distributions with the respective parameters for each individual and estimate the ATT 200 times, conditioning on X as before, but also on U. Taking the average over all results provides us with robust point estimates as well as standard errors of the average treatment effect where the CIA is extended. 18
Specification of p ij So far, we have not specified these probabilities exactly such that we learn most about the sensitivity of our above stated results. We follow one of the two approaches suggested by Ichino et al. (2008) and set p ij such that we control the "outcome effect" and the "selection effect" of U. As an illustration, think of U again as general intrinsic willingness to provide care. U = 1 indicates generally willing, U = 0 meaning not willing. This unobserved variable certainly has a positive and strong selection effect such that willing people are more likely to provide care. It may also have a positive outcome effect if the general willingness is positively correlated with health endowment independent of treatment. Vice versa, there could also be a negative outcome effect if frail people are generally more willing to care. Ichino et al. (2008) define the parameter s = p 1. − p 0. as the selection effect where
The larger this effect, the larger is the effect of U on selection into treatment keeping the outcome fixed. The outcome effect, defined as d = p 01 − p 00 reflects the influence of U on the untreated counterfactual outcome. As an example an outcome effect of d = 0.1 > 0 means that the unobserved U positively affects the outcome variables. In the group of non-carers (with p 0j ), those who are in good health have a higher likelihood of U = 1 than those who are in bad health. The higher d the stronger is this correlation. Likewise, a selection effect of s = 0.1 > 0 implies that among caregivers the likelihood of U = 1 is higher than among non-caregivers. Once we set values for d and s we can derive the four p ij by solving an equation system (as shown in the Appendix) and simulate U.
In principle, d and s could be arbitrarily chosen. One way to find reliable values is to go back to the equation system and -starting the other way around -use observed binary variables in the data set, substitute them for the unobserved U and calculate the selection and the outcome effect of these variables. Thus, we get a feeling how selection and outcome effect of important and observed variables are distributed in the data. Next, one could argue that the unobserved variable U should have a similar selection and outcome effect as important observed variables. We follow this approach and compute these effects for all variables in the sample. To discretize continuous variables we define dummy variables that indicate values above the respective means. Results are reported in Table All variables are transformed into binary indicators where the threshold is the sample average. Note: (+) means an amplifying effect, whereas (-) means that the effect attenuates. ∓ indicates no clear effect.
7. We see that most of the variables have selection and outcome effects of at most 0.1 in absolute values. In line with Table 6 , the control variables with the strongest impacts are again age and being married exhibiting selection and outcome effects of up to 0.2.
Hence, we argue that given the unobserved variable has an effect on treatment and outcome in the same magnitude as important control variables with high effects, parameterizations of s = 0.2 and d = 0.2 or s = −0.2 and d = 0.2 are reasonable values. With these calibrations, no other confounder features such a high effect on mental health and no other makes people select into treatment like the simulated binary confounder U.
The first pair of d, s reflects a positive selection into treatment, i.e., more people with high values of U will take the treatment. Together with a positive outcome effect, meaning that the counterfactuals that we are trying to identify Y 0 |T = 1 also exhibit higher values of U, we should underestimate effects of care provision on health. This is the case because if U is omitted, the impact is attenuated as more people select into treatment who have a high untreated outcome. But this selection is actually due to U and falsely attributed to the ATT parameter. It can be removed by matching on it.
The second pair reflects a negative selection into treatment leading to overestimation if this was neglected by the analysis so far. Table 7 lists the effect of the confounding variables on the ATT parameter. Except the variable for number of sisters, all confounders have an amplifying effect on the impact of informal care on health. This is supporting the conjecture that people with relatively good health select into care. Figure 6 presents the results of both specifications and the baseline specification, again only for MCS. Moreover, in order to make this result even more credible, we also calibrate confounders with parameters of s = 0.3, d = 0.3 and s = −0.3, d = 0.3. That is, we assume unobservables exhibiting a much stronger correlation with both treatment and outcomes than all the observed ones. As supposed including a confounder U with characteristics that lead to a positive selection into treatment (s = 0.2 and d = 0.2, the red dots) leads to larger effects of care provision than in the baseline case while we find weaker effects when including a confounder that induces as negative selection (s = −0.2 and d = 0.2, the blue line). The most important result, however, is that the overall picture does not change. The lines are parallel-shifted by the confounder, i.e. the results are equally affected by the confounders. In all three cases do we find a significant (both statistically and economically) short-term effect of care provision on mental health while there is no effect left after 5-7 years. This is even true for s = −0.3 and d = 0.3 in the first period. If there are further confounders that point in the same direction as most of the variables in our sample, our result will actually define a lower bound.
To sum up, in this sensitivity analysis we assume that, although we control for a lot of observed heterogeneity including pre-treatment outcomes and pre-treatment treatment status -which, in turn, captures more unobserved heterogeneity -there are unobserved effects such that the CIA is violated. As long as these unobserved effects do not have a drastically higher impact than observed control variables, we find that the average treatment effects we received in the main analysis are robust. Hence, even if the CIA does not hold, something we can neither demonstrate nor reject, a certain failure of the CIA still leads to the same effects as found in the main analysis.
Conclusion
This paper examines whether providers of informal care suffer from a higher mental or physical strain than those who do not care. We use the German Socio-economic panel that identifies informal caregivers by the daily time spent caring. In this paper, caregivers are individuals who care at least one hour per weekday (but stricter definitions of at least three hours lead to a similar picture). We evaluate the impact of caregiving on health by help of a regression adjusted matching technique. This approach is encouraged by theory as well as descriptive evidence indicating that selection into informal care takes place. The problems of unobserved heterogeneity and reverse causality are tackled by exploiting the panel structure of the data set. We use Lechner's (2009) approach and control for pre-treatment outcome and stratify by pre-treatment treatment status to avoid problems induced by selection of healthy individuals into care.
While we do not find effects of informal care on physical health neither in the short-nor in the medium-run, our results suggest that there are considerable short-term effects of informal care provision on mental health which, however, fade out over time. Five years after care provision there are no significant effects left. This leads to a discussion on the potential driving pattern behind these effects. Thus, contemporaneously, care provision is a mental burden but there is no scarring effect. The sensitivity analysis according to Ichino et al. (2008) suggests that even sensible deviations from the CIA assumption do not change these results: the effects are still similar in magnitude even if we falsely have not incorporated a confounder that is stronger than every one else that we have controlled for before.
We contribute to the current debate on how to realign the care system in Germany and countries with similar demographic developments. The German government recently acknowledged that a realignment of the care system is necessary. As the Minister of Health, Daniel Bahr, puts it the long-term care system does require "radical changes to make it capable of meeting the challenges we will be facing in the near future." 19 Our results suggest that there are considerable short-term health effects. However, it seems to be good news that the effects are not long-lasting. Hence, in total, this paper does not provide evidence for a strong pressure to change the system in order to assist informal care providers.
However, the measured effect is only a mixed effect over different groups of care providers. Stroka and Schmitz (2013) , for instance, focus on individuals who not only provide informal care but also work full-time. This double burden might well also have health effects in the long-run. This question is left for future research.
There are some limitations in our data. We do not observe any characteristics of the care recipient. Hence, we cannot distinguish between the family effect that occurs just because a close relative is in need of care and the caregiving effect. Moreover, the quality and intensity of care provision (apart from the hours spent caring) cannot be observed. Thus, we estimate a broad average effect over several different forms of informal care provision. 
Calculation of the p ij
Given values for d and s, the four parameters p ij can be derived by solving an equation system of four equations. Assume that d = 0.1, s = 0.1 and P(U = 1) = 0.5. Then we have P(U = 1) = 0.5 (A.1) = p 11 * P(Ŷ = 1|T = 1) * P(T = 1) + p 10 * P(Ŷ = 0|T = 1) + P(T = 1) +p 01 + P(Ŷ = 1|T = 0) * P(T = 0) + p 00 * P(Ŷ = 0|T = 0) * P(T = 0) + p 00 * P(T = 0) 
